High-precision land use/land cover classification mapping derived from remote sensing supplies essential datasets for scientific research on environmental assessment, climate change simulation, geographic condition monitoring, and environmental management at global and regional scales. It is an important issue in the study of earth system science, and the coastal area is a hot spot region in this field. In this paper, the coastal areas of the Maritime Silk Road were used as the research object and a fusion method based on agreement analysis and fuzzy-set theory was adopted to achieve the fusion of three land use/land cover datasets: MCD12Q1-2010, CCI-LC2010, and GlobeLand30-2010. The accuracy of the fusion results was analyzed using an error matrix, spatial confusion, average overall consistency, and average type-specific consistency. The main findings were as follows. (1) After the establishment of reference data based on Google Earth, both the producer accuracy and user accuracy of the fusion data were improved when compared with those of the three input data sources, and the fusion data had the highest overall accuracy and Kappa coefficient, with values of 90.37% and 0.8617, respectively. (2) Various input data sources differed in terms of the correctly classified contributions and misclassified influences of different land use/land cover types in the fusion data; furthermore, the overall accuracy and Kappa coefficient between the fusion data and any one of the input data sources were far higher than those between any two of the input data sources. (3) The average overall consistency of the fusion data was the highest at 89.29%, which was approximately 5% higher than that of the input data sources. (4) The average type-specific consistencies of cropland, forest, grassland, shrubland, wetland, artificial surfaces, bare land, and permanent snow and ice in the fusion data were the highest, with values of 69.95%, 74.41%, 21.24%, 34.22%, 97.62%, 51.83%, 84.39%, and 2.46%, respectively; compared with the input data sources, the average type-specific consistencies of the fusion data were 0.61-20.32% higher. This paper provides information and suggestions for the development and accuracy evaluation of future land use/land cover data in global and regional coastal areas.
Introduction
High-precision land use/land cover classification datasets at global and regional scales can provide important basic information to effectively support scientific research on global change and regional sustainable development, serving as a key information source with which to objectively agreement analysis of land use/land cover datasets was carried out to determine the agreements and disagreements of the three datasets, and a fusion method based on fuzzy-set theory was used to reconstruct the disagreements to produce highly accurate land use/land cover fusion data. This paper lays a solid foundation for future research on data development and characteristic analysis of land use/land cover in global and regional coastal areas.
Study Area and Materials

Study Area
With comprehensive reference to relevant research results [29, 30] , based in East Asia, Southeast Asia, South Asia, West Asia, Northeast Africa, and Southern Europe, the study area was defined as the land area within 100 km of the coastline and the sea area within the 100 m isobath (Figure 1) . The area covers a wide range of land and sea, where the natural environment has a complex diversity and human activity has a profound influence. The land use/land cover in the area is affected by natural conditions, resource endowments, the human environment, and the social economy and has the characteristics of being significantly different from the land area [31] . Specifically, in this area, the climate types show significant zonality including areas of temperate climate, subtropical climate, tropical climate, and Mediterranean climate, and the vegetation types show remarkable diversity including areas of temperate mixed forest, temperate deciduous broad-leaved forest, subtropical evergreen sclerophyllous forest, subtropical evergreen broad-leaved forest, rainforest, and savanna. Moreover, this area has a long coastline and many large ports including numerous large port cities such as Guangzhou, Bombay, Jakarta, Singapore, and Athens, and several major economic corridors such as the China-Indochina Peninsula, China-Pakistan, and China-Bangladesh-India-Myanmar, which are the most dynamic areas of prosperity and development in terms of regional economies. 
Materials
In recent years, land use/land cover classification data at global and regional scales produced by multiple mapping techniques and data sources have been emerging and are gradually being applied such as IGBP-DISCover, UMD, GLC2000, MCD12Q1, GlobCover, CCI-LC, FROM-GLC, and GlobeLand30. We synthesized the evaluation of various classification data from existing research [4, 5] and selected three classification data types that had relatively high overall accuracy (MCD12Q1-2010, CCI-LC2010, and GlobeLand30-2010) as the source datasets to carry out the present research (Table 1) . MCD12Q1-2010, with a resolution of 500 m, whose land use/land cover was divided into 17 categories specified by the IGBP, was produced by Boston University in the United States using MODIS images [32] . CCI-LC2010, with a 300-m resolution, whose land use/land cover was divided into 22 categories specified by the FAO, was established by the European Space Agency using MERIS 
In recent years, land use/land cover classification data at global and regional scales produced by multiple mapping techniques and data sources have been emerging and are gradually being applied such as IGBP-DISCover, UMD, GLC2000, MCD12Q1, GlobCover, CCI-LC, FROM-GLC, and GlobeLand30. We synthesized the evaluation of various classification data from existing research [4, 5] and selected three classification data types that had relatively high overall accuracy (MCD12Q1-2010, CCI-LC2010, and GlobeLand30-2010) as the source datasets to carry out the present research (Table 1) . MCD12Q1-2010, with a resolution of 500 m, whose land use/land cover was divided into 17 categories specified by the IGBP, was produced by Boston University in the United States using MODIS images [32] . CCI-LC2010, with a 300-m resolution, whose land use/land cover was divided into 22 categories specified by the FAO, was established by the European Space Agency using MERIS and SPOT-VGT images [11, 33] . GlobeLand30-2010, with a resolution of 30 m, whose land use/land cover was divided into 10 types, was developed by the National Administration of Surveying, Mapping and Geoinformation of China; Landsat-TM/ETM7 images were used as the main image sources, and were supplemented by HJ-1A/b images [14, 34] . Table 1 . Basic information of the three land use/land cover datasets.
Data Name MCD12Q1 CCI-LC GlobeLand30
Period 
Data Pre-Processing
According to the requirements for multi-source data fusion, data pre-processing must be performed including for the above-mentioned three land use/land cover classification data, which were spliced and clipped with vector data for the study area to obtain land use/land cover classification datasets with consistent boundaries. To prevent area distortion, the three datasets were unified into the WGS 1984 cylindrical equal area projection. The maximum area polymerization method was adopted to convert the three datasets into a 300-m resolution, and the leading reason for choosing a 300-m resolution was that the datasets with a 300-m resolution had relatively superior classification results. The land use/land cover classification systems of three datasets [11, 14, 32] were reasonably placed, and the type codes and corresponding relationships after the placement are shown in Table 2 . Table 2 . Classification systems of the three land use/land cover datasets.
MCD12Q1-2010 CCI-LC2010 GlobeLand30-2010
Croplands 120
Cropland, rainfed, herbaceous cover 11
Cultivated land 10
Cropland, rainfed, tree or shrub cover 12 Cropland, irrigated or post-flooding 20 
Fusion Principle and Methods
Techniques
The specific techniques are shown in Figure 2 . First, data collection and pre-processing were conducted. Then, a fusion method based on agreement analysis and fuzzy-set theory was used to realize the fusion of multi-source land use/land cover classification data. Finally, the accuracy of the fusion results was analyzed. 
Fusion Principle and Methods
Techniques
Establishment of Target Classification System
A scientific and reasonable land use/land cover classification system needs to be formulated, especially in research on land use/land cover remote sensing classification mapping. Referring to the existing research results [9, 11, 14, [32] [33] [34] , the coastal land use/land cover were divided into eight main types: cropland, forest, grassland, shrubland, wetland, artificial surfaces, bare land, and permanent snow and ice ( Table 3 ). The classification system has two essential characteristics: (1) all classification information can be obtained from the above-mentioned three input data sources, and (2) all fusion results can be recognized by remote sensing images. Table 3 . Land use/land cover classification system of the study area.
Number
Type Name Description Wetland Land covered by water bodies or wetland plants. 6 Artificial surfaces Land modified by human activities. 7
Bare land Land with no vegetation cover or vegetation cover lower than 10%. 8 Permanent snow and ice Land covered by permanent snow, glaciers or icecaps.
Agreement Analysis of Input Data Sources
Based on the land use/land cover classification system in Table 3 , the land use/land cover types of the three input data sources were reclassified into eight target types, as shown in Table 4 . Notably, in CCI-LC2010, the land use/land cover types coded as 40 and 100 were the mosaic cropland/natural vegetation (>50%) and the mosaic herbaceous cover/tree and shrub (>50%), respectively. The analysis showed that both types were advantageous to the proportion of forest; therefore, both types were included in the target type of forest. Additionally, to facilitate follow-up research, both water bodies and tundra from the input data sources were included in the target type of wetland. Next, the three reclassified input data sources (i.e., MSRmcd-2010, MSRcci-2010, and MSRgl30-2010) were overlaid spatially to determine the pixel-by-pixel corresponding relationships of land use/land cover types among the three datasets. Then, pixel by pixel, we evaluated whether the land use/land cover types of different datasets were the same and determined the agreements and disagreements among the three datasets [35] . Specifically, for each pixel, if two or three of the three datasets used the same land use/land cover type, the type of the pixel would be defined as this type (i.e., agreement and codes 1-8); if there was a different type for each of the three datasets, the pixel would be defined as a disagreement and coded as 9. Finally, based on the disagreements, the three original land use/land cover classification data, which were not reclassified, were clipped, after which the three clipped datasets were spliced with the agreements to obtain the initial fusion datasets (i.e., Fmcd-1, Fcci-1, and Fgl30-1).
Reconstruction of Disagreements
A data fusion method based on fuzzy-set theory was used to reconstruct the above-mentioned initial land use/land cover fusion datasets.
First, for each initial type of each dataset, eight "membership degree" values were assigned to establish the corresponding relationships with each target type, characterizing the degree to which each initial type belonged to each target type. Notably, the affinity index was used to indicate the "membership degree". Specifically, if the affinity index was 4, the initial type and the target type were identical; if the affinity index was 0, the two types were completely different; and if the affinity index was 1, 2, or 3, the degree of membership became stronger as the score increased. Appendices A-C present the membership degree scores of the three initial fusion datasets, respectively.
Second, one pixel was fixed in each turn. If the initial types of all three initial fusion datasets were 1-8, the pixel was defined as the initial type, and if the initial types of all three initial fusion datasets were not 1-8, the membership degrees of the initial types and the target types of the initial fusion datasets would be scored according to Appendices A-C. The specific formula is as follows [20] :
where i is the row of the current pixel; j is the column of the current pixel; t is the code of the target types; m is the code of the initial fusion datasets; S t m (i, j) is the score of pixel (i, j) for target type t in the initial fusion dataset m; and S t total (i, j) is the total score of pixel (i, j) for target type t. To eliminate the hidden misclassifications in the initial fusion datasets and increase the scoring credibility in areas with diverse features, the pixel scores were weighted in a 3 × 3 field. After scoring, the total pixel scores for each target type were compared, and then the pixel was defined as the target type with the highest total score. Therefore, the final output was a set of land use/land cover fusion data of 300 m along coastal areas of the Maritime Silk Road based on 2010 (i.e., FusLULC-2010).
Accuracy Analysis Methods
The error (confusion) matrix is an effective method used to measure the classification accuracies of land use/land cover types in land use/land cover classification datasets [36] [37] [38] . By calculating the producer accuracy (PA), user accuracy (UA), overall accuracy (OA), and Kappa coefficient (K) of the reference data and the data that are to be verified, the consistency between two datasets can be measured. The specific formulas are as follows [39] :
where t is the land use/land cover type; n tt is the pixel number correctly classified in type t; n +t is the pixel number of type t in the reference data; n t+ is the pixel number of type t in the data that are waiting to be verified; and N is the total pixel number. Google Earth can provide users with high-resolution global image data in real time, and these images have become effective reference data for the accuracy analysis of land use/land cover remote sensing mapping at moderate and low resolutions [40] . The specific processes of verification sample collection and mapping accuracy analysis were as follows: (1) Based on ArcGIS, sampling points were randomly generated in the study area; (2) the classification information at the sampling points of multi-source land use/land cover datasets were obtained through overlay analysis (i.e., the data that are to be verified); (3) the land use/land cover types of sampling points could be visually interpreted according to the high-resolution Google Earth images; notably, the land use/land cover type of a certain sampling point was defined as the most dominant land type within the 300 m × 300 m area around the sampling point (i.e., the reference data); and (4) the accuracy analysis results of land use/land cover remote sensing mapping were obtained based on the error matrix. Additionally, it is important to carry out the mutual validation of multi-source land use/land cover datasets [41] . Specifically, any two of the multi-source land use/land cover datasets were overlaid spatially to obtain the pixel-by-pixel corresponding relationships of land use/land cover types between two datasets, and then the spatial overlay results were summarized according to the confusion matrix. The spatial confusion of land use/land cover types and its accuracy characteristics were ultimately obtained.
The average overall consistency and the average type-specific consistency of land use/land cover datasets are effective indicators that can be used to quantitatively describe the consistency accuracies among the land use/land cover classification datasets [20, 24] . In this paper, the consistencies between any two land use/land cover datasets were calculated (i.e., the percentage of pixels with the same classification types in the two datasets was calculated), and then the average overall consistency of one dataset was obtained by calculating the average of the consistencies between the dataset and any one of the other datasets. Additionally, the consistencies of a type between any two of land use/land cover datasets were calculated, and then the average consistency of this type in one dataset was obtained by calculating the average of the consistencies of this type between the dataset and any one of the other datasets. The specific formulas are as follows [42] :
where a-d are multi-source land use/land cover classification datasets; C a * is the consistency between dataset a and any one of the other datasets; MeanC a is the average overall consistency of dataset a; t is the land use/land cover type; n t ab is the pixel number of type t in both datasets; n t a and n t b are the pixel numbers of type t in datasets a and b, respectively; CT t a * is the consistency of type t between dataset a and any one of the other datasets; and MeanCT t a is the average consistency of type t in dataset a.
Fusion Results and Accuracy Analysis
Fusion Results of Multi-Source Land Use/Land Cover Datasets
FusLULC-2010, a land use/land cover fusion dataset along coastal areas of the Maritime Silk Road, was obtained using the above-mentioned fusion method, as shown in Figure 3 . Compared with the subjective cognition formed by visual observation of Google Earth images, it can be preliminarily determined that this dataset can accurately reflect the cropland that is widely distributed along the coasts of China's Yellow and Bohai Seas, the Southeast Asian coast, the Indian east coast, and the Mediterranean coast. This method can accurately reflect the forest widely distributed along the coast of the Japan Sea, the southern Chinese coast, the Southeast Asian coast, the Indian west coast, and the southern European coast. It can accurately describe the grassland or shrubland distributed along the southern Spanish coast, coasts from Morocco to Algeria, the Greek coast, the southern Turkish coast, coasts from Djibouti to Somalia, and the western Yemeni coast. It can also accurately describe the bare land distributed along the northern Moroccan coast, coasts from Tunisia to Eritrea, and coasts from the Arabian Peninsula to Pakistan. Meanwhile, the wetland located at the junction of land and sea, the artificial surfaces distributed sporadically in the study area, and the permanent snow and ice originating from the Alps can also be accurately depicted.
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Accuracy Analysis Based on Google Earth Sampling
Sampling points were randomly generated within the study area at a sampling interval of 5 km, and 5896 sampling points were ultimately obtained. Based on high-resolution Google Earth images, the land use/land cover types of sampling points were visually interpreted to gain the reference data. Then, the classification information at the sampling points of FusLULC-2010, MSRmcd-2010, MSRcci-2010, and MSRgl30-2010 were obtained through overlay analysis. Finally, the accuracy analysis results of land use/land cover remote sensing mapping were obtained based on the error matrix ( Figure 4 and Table 5 ).
In FusLULC-2010, the producer accuracies of cropland, forest, shrubland, wetland, and artificial surfaces were higher than those of the three input data sources; in addition, the producer accuracy of grassland was lower than that in MSRgl30-2010 and the producer accuracy of bare land was lower than that in MSRcci-2010. Meanwhile, in FusLULC-2010, the user accuracies of forest, grassland, shrubland, and bare land were higher than those of the three input data sources; in addition, the user accuracies of cropland and wetland were lower than those of MSRgl30-2010 and the user accuracy of artificial surfaces was lower than that of MSRmcd-2010. Notably, the number of sampling points of permanent snow and ice was four, accounting for only 0.07% of the total sampling points; a small amount of reference data cannot accurately describe the reliability and availability of mapping results and can seriously misrepresent the real accuracy of mapping results.
Additionally, FusLULC-2010 had the highest overall accuracy and Kappa coefficient, with values of 90.37% and 0.8617, respectively, in other words, the overall accuracy was 3.22-5.94% higher 
Additionally, FusLULC-2010 had the highest overall accuracy and Kappa coefficient, with values of 90.37% and 0.8617, respectively, in other words, the overall accuracy was 3.22-5.94% higher than that of the three input data sources and the Kappa coefficient was 0.0455-0.0847 higher than that of the three input data sources. than that of the three input data sources and the Kappa coefficient was 0.0455-0.0847 higher than that of the three input data sources. 
Mutual Validation of Multi-Source Land Use/Land Cover Datasets
The confusion map of land use/land cover types and its accuracy characteristics of the four land use/land cover classification datasets of FusLULC-2010, MSRmcd-2010, MSRcci-2010, and MSRgl30-2010 were obtained, as shown in Figure 5 and Table 6 .
As shown in Figure 5 , in FusLULC-2010/MSRcci-2010, the cropland, wetland, artificial surfaces, bare land, and permanent snow and ice had the highest consistencies, with values of 86.91%, 99.06%, 81.59%, 97.22%, and 62.50%, respectively. Moreover, the consistencies of forest and grassland in 
As shown in Figure 5 , in FusLULC-2010/MSRcci-2010, the cropland, wetland, artificial surfaces, bare land, and permanent snow and ice had the highest consistencies, with values of 86.91%, 99.06%, 81.59%, 97.22%, and 62.50%, respectively. Moreover, the consistencies of forest and grassland in FusLULC-2010/MSRgl30-2010 were the highest at 89.52% and 68.57%, respectively, and the consistency of shrubland in FusLULC-2010/MSRmcd-2010 was the highest at 67.41%. The above-mentioned results indicate that in the process of multi-source data fusion, MSRcci-2010 contributed the most to the fusion results of cropland, wetland, artificial surfaces, bare land, and permanent snow and ice. Moreover, MSRgl30-2010 contributed the most to the fusion results of forest and grassland and MSRmcd-2010 contributed the most to the fusion results of shrubland.
Similarly, in MSRcci-2010/MSRgl30-2010, the cropland, wetland, artificial surfaces, and bare land had the highest misclassifications (i.e., the errors mainly manifested as cropland and wetland that were misclassified as forest, artificial surfaces misclassified as cropland, and bare land misclassified as grassland and shrubland). In MSRmcd-2010/MSRcci-2010, the misclassifications of forest, grassland, and shrubland were the highest (i.e., the errors mainly showed that forest was misclassified as cropland; grassland was misclassified as cropland, forest, and shrubland; and shrubland was misclassified as forest, grassland, and bare land). Finally, the permanent snow and ice showed the most misclassifications in MSRmcd-2010/MSRgl30-2010, and almost all of them were misclassified as grassland, wetland or bare land. These results indicate that in the process of multi-source data fusion, MSRgl30-2010 had the greatest influence on the classification errors of cropland, wetland, artificial surfaces, and bare land, while MSRmcd-2010 and MSRcci-2010 had significant influences on the classification errors of forest and grassland. Moreover, MSRcci-2010 had the greatest influence on the classification errors of shrubland and MSRmcd-2010 and MSRgl30-2010 had significant influences on the classification errors of permanent snow and ice.
Additionally, as shown in Table 6 , FusLULC-2010/MSRmcd-2010 showed the highest overall accuracy and Kappa coefficient with values of 90.44% and 0.8654, respectively; therefore, MSRmcd-2010 contributed slightly more to the fusion results than the other two data sources. Furthermore, the overall accuracies and Kappa coefficients of FusLULC-2010/MSRgl30-2010 and FusLULC-2010/MSRcci-2010 were only second and third, respectively, to those of FusLULC-2010/MSRmcd-2010, and were far higher than those of the other data combinations. FusLULC-2010/MSRgl30-2010 were the highest at 89.52% and 68.57%, respectively, and the consistency of shrubland in FusLULC-2010/MSRmcd-2010 was the highest at 67.41%. The abovementioned results indicate that in the process of multi-source data fusion, MSRcci-2010 contributed the most to the fusion results of cropland, wetland, artificial surfaces, bare land, and permanent snow and ice. Moreover, MSRgl30-2010 contributed the most to the fusion results of forest and grassland and MSRmcd-2010 contributed the most to the fusion results of shrubland. Similarly, in MSRcci-2010/MSRgl30-2010, the cropland, wetland, artificial surfaces, and bare land had the highest misclassifications (i.e., the errors mainly manifested as cropland and wetland that were misclassified as forest, artificial surfaces misclassified as cropland, and bare land misclassified as grassland and shrubland). In MSRmcd-2010/MSRcci-2010, the misclassifications of forest, grassland, and shrubland were the highest (i.e., the errors mainly showed that forest was misclassified as cropland; grassland was misclassified as cropland, forest, and shrubland; and shrubland was misclassified as forest, grassland, and bare land). Finally, the permanent snow and ice showed the most misclassifications in MSRmcd-2010/MSRgl30-2010, and almost all of them were misclassified as grassland, wetland or bare land. These results indicate that in the process of multisource data fusion, MSRgl30-2010 had the greatest influence on the classification errors of cropland, wetland, artificial surfaces, and bare land, while MSRmcd-2010 and MSRcci-2010 had significant influences on the classification errors of forest and grassland. Moreover, MSRcci-2010 had the greatest influence on the classification errors of shrubland and MSRmcd-2010 and MSRgl30-2010 had significant influences on the classification errors of permanent snow and ice.
Additionally, as shown in Table 6 , FusLULC-2010/MSRmcd-2010 showed the highest overall accuracy and Kappa coefficient with values of 90.44% and 0.8654, respectively; therefore, MSRmcd-2010 contributed slightly more to the fusion results than the other two data sources. Furthermore, the overall accuracies and Kappa coefficients of FusLULC-2010/MSRgl30-2010 and FusLULC-2010/MSRcci-2010 were only second and third, respectively, to those of FusLULC-2010/MSRmcd-2010, and were far higher than those of the other data combinations. Notes: In this figure, ft stands for confounding relationships between two datasets. Taking Figure 5a as an example, the x-coordinate represents land use/land cover types of FusLULC-2010 and the y-coordinate represents the pixel percentages of various types in MSRmcd-2010 on a certain type of FusLULC-2010. . Spatial confusion of land use/land cover types between any two different datasets (1. Cropland; 2. Forest; 3. Grassland; 4. Shrubland; 5. Wetland; 6. Artificial surfaces; 7. Bare land; 8. Permanent snow and ice). Notes: In this figure, ft stands for confounding relationships between two datasets. Taking Figure 5a as an example, the x-coordinate represents land use/land cover types of FusLULC-2010 and the y-coordinate represents the pixel percentages of various types in MSRmcd-2010 on a certain type of FusLULC-2010. 
Consistencies of Multi-Source Land Use/Land Cover Datasets
The average overall consistencies and average type-specific consistencies of the land use/land cover classification datasets of FusLULC-2010, MSRmcd-2010, MSRcci-2010, and MSRgl30-2010 were analyzed, as shown in Table 7 and Figure 6 . consistencies of cropland, forest, grassland, shrubland, wetland, artificial surfaces, bare land, and permanent snow and ice in FusLULC-2010 were the highest, with values of 69.95%, 74.41%, 21.24%, 34.22%, 97.62%, 51.83%, 84.39%, and 2.46%, respectively. Thus, the classification results of cropland, forest, wetland, artificial surfaces, and bare land were relatively superior, while the classification results of grassland, shrubland, and permanent snow and ice were relatively poor. The reason for this difference is that cropland, forest, wetland, artificial surfaces, and bare land have distinctive spectral characteristics and clear spatial textures, while grassland, shrubland, and permanent snow and ice have similar spectral characteristics and fuzzy spatial distributions. Moreover, the average consistencies of cropland, forest, grassland, shrubland, wetland, artificial surfaces, bare land, and permanent snow and ice in FusLULC-2010 improved by 8.33-14.46%, 6.83-13.81%, 6.24-14.52%, 11.32-16.47%, 0.76-1.10%, 7.94-20.32%, 6.12-9.01%, and 0.61-1.98%, respectively, when compared to the values of the three input data sources. As shown in Table 7 , FusLULC-2010 had the highest average overall consistency (89.29%); MSRmcd-2010 and MSRgl30-2010 were second and third, respectively (84.74% and 84.11%); and MSRcci-2010 had the lowest average overall consistency (83.81%). Compared to the input data sources, the average overall consistency of FusLULC-2010 improved by approximately 5%. The overall consistencies of FusLULC-2010/MSRmcd-2010, FusLULC-2010/MSRcci-2010, and FusLULC-2010/MSRgl30-2010 were higher than 88%, and FusLULC-2010/MSRmcd-2010 had the highest overall consistency of 90.44%.
Additionally, as shown in Figure 6 , compared to the three input data sources, the average consistencies of cropland, forest, grassland, shrubland, wetland, artificial surfaces, bare land, and permanent snow and ice in FusLULC-2010 were the highest, with values of 69.95%, 74.41%, 21.24%, 34.22%, 97.62%, 51.83%, 84.39%, and 2.46%, respectively. Thus, the classification results of cropland, forest, wetland, artificial surfaces, and bare land were relatively superior, while the classification results of grassland, shrubland, and permanent snow and ice were relatively poor. The reason for this difference is that cropland, forest, wetland, artificial surfaces, and bare land have distinctive spectral characteristics and clear spatial textures, while grassland, shrubland, and permanent snow and ice have similar spectral characteristics and fuzzy spatial distributions. Moreover, the average consistencies of cropland, forest, grassland, shrubland, wetland, artificial surfaces, bare land, and permanent snow and ice in FusLULC-2010 improved by 8.33-14.46%, 6.83-13.81%, 6.24-14.52%, 11.32-16.47%, 0.76-1.10%, 7.94-20.32%, 6.12-9.01%, and 0.61-1.98%, respectively, when compared to the values of the three input data sources.
Discussion
Superiority and Summary
High-precision land use/land cover remote sensing classification mapping is widely used in precision agriculture, vegetation ecology, wetland water quality, urban heat island, mineral resources, atmospheric environment, and other research fields. In this paper, multi-source data fusion was based on agreement analysis and fuzzy-set theory [20, 35] . Only a small amount of computation was needed to weaken the contradiction between the multi-source land use/land cover datasets, and the advantages of various classification algorithms were integrated. Through error matrix, spatial confusion, average overall consistency, and average type-specific consistency, it was shown that regardless of the overall precision or the type precision, the fusion data obtained from the multi-source data fusion method adopted in this paper exhibited a certain improvement when compared with the input data sources.
Notably, the multi-source data fusion method proposed in this paper effectively combined the two evaluation factors of agreement and membership degree, which is relatively novel and unique. In comparison with existing studies [20, 35, 43, 44] , we found that the results obtained in this paper exhibited commonalities with the results of existing studies (i.e., the commonalities manifested as target classification system that was highly consistent, the data fusion method adopted was inherited and developed, and the accuracy of fusion results was improved). Additionally, the results obtained in this paper were distinctive (i.e., the features mainly showed that the study area was located in the coastal zone, and the coastal wetland had unique classification rules; MCD12Q1-2010, CCI-LC2010, and GlobeLand30-2010 were selected as the source datasets; and the time phase and spatial resolution of the fusion results were fixed at 2010 and 300 m, respectively).
The data fusion method based on agreement analysis and fuzzy-set theory adopted in this paper can be used for decision-making, future prediction, and accurate analysis of land use/land cover types in heterogeneous regions. When the input data sources have a wide range of heterogeneous regions in the distribution of land use/land cover types in the study area, it can be further processed based on the multi-source data fusion method adopted in this paper to improve the classification accuracies of the data sources. For example, the coexistence of grassland, shrubland, and forest occurred in a region along the coast of Somalia, and this region was defined as grassland, shrubland, and forest by the input data sources of different classification algorithms, respectively. Next, the multi-source data fusion based on agreement analysis and fuzzy-set theory was used to process this region. Compared with the subjective cognition formed by visual observation of high-resolution Google Earth images, it could be found that this region was indeed dominated by shrubland.
Limitation and Outlook
The data fusion method based on agreement analysis and fuzzy-set theory adopted in this paper has certain limitations. (1) Although the target classification system is comprehensive, it is too general.
(2) Although the core algorithm is practical, its subjectivity is too large; notably, when selecting other source datasets as the research object, great efforts should be made to determine the degree of "fuzzy membership" between the initial types and target types. (3) The accuracy of the fusion results is affected by landscape heterogeneity in the study area. Therefore, although this research has made important progress in remote sensing classification mapping of land use/land cover based on multi-source data fusion, many follow-up studies [45, 46] need to be completed to obtain the best fusion results.
For example, the target classification system can be further refined. With reference to the source datasets, this research divided the coastal land use/land cover into eight main types: cropland, forest, grassland, shrubland, wetland, artificial surfaces, bare land, and permanent snow and ice. Specifically, these types are high generalizations of actual land types, avoiding as much confusion as possible due to the complexity of classification. However, in view of the particularity of coastal areas, reasonable attention should be paid to wetland resources [47] in follow-up studies (i.e., on the basis of current research, emphasis should be given to the scientific classification of wetland resources in coastal areas including saltwater wetland and freshwater wetland).
Additionally, the data fusion algorithm can be further developed. The multi-source data fusion algorithm adopted in this paper was based on agreement analysis and fuzzy-set theory. Specifically, the degree of "fuzzy membership" between the initial types and target types in the disagreements was very subjective, and multitudinous scholars were consulted to determine the correlative scores to minimize the influence of subjectivity on fusion results in this research. However, the "agreement" definition itself, to some extent, will affect the fusion results. Therefore, more auxiliary information including the topography, temperature, precipitation, population, and economy, should be sought to support the decision-making fusion [48] in follow-up studies.
Finally, the accuracy of the fusion results can be further improved. In the fusion results of this paper, the classification results of cropland, forest, wetland, artificial surfaces, and bare land were relatively superior, while the classification results of grassland, shrubland, and permanent snow and ice were relatively poor. Therefore, data reconstruction by land types or subregions is an important direction [18] for future research (i.e., more accurate thematic data should be adopted to reclassify land types or subregions with relatively large misclassifications to effectively improve the accuracy of the fusion results at fixed points).
Previous Work and Follow-up Research
Previous work is as follows: (1) Remote sensing classification system of land use/land cover for global coastal zone was established considering fine classification of wetlands [49] ; and (2) consistency of multiple remote sensing-based land use/land cover classification datasets in the global coastal zone was analyzed using deviation coefficient, correlation coefficient, error matrix, and spatial confusion [50] . Additionally, follow-up research is as follows: (1) Classification mapping and accuracy analysis of land use/land cover in the global coastal zone will be realized based on the multi-source data fusion method adopted in this paper; and (2) variation characteristics and driving factors of land use/land cover in the global coastal zone will be revealed using annual gradient, dynamic degree, and transfer matrix. Overall, these studies fill the gap in the study of land use/land cover in the global coastal zone, and provide references and suggestions for scientific research on the man-earth relationship, land resource management, ecological environmental protection, and coordinated economic development in coastal areas.
Conclusions
Multi-source data fusion, to a large extent, integrates the advantages of multi-source data and reduces the defects of single-source data to make the fusion data more accurate than the single-source data. Therefore, in view of the existing shortcomings of remote sensing data and fusion methods of land use/land cover in large-scale coastal areas, we used the three land use/land cover datasets of MCD12Q1-2010, CCI-LC2010, and GlobeLand30-2010 as input data sources and determined the agreements and disagreements of the three datasets through agreement analysis. Subsequently, we reclassified the disagreements based on fuzzy-set theory to generate a set of land use/land cover fusion data of 300 m along coastal areas of the Maritime Silk Road based on data from 2010 (i.e., FusLULC-2010). Finally, we evaluated the accuracy of the fusion results using the error matrix, spatial confusion, average overall consistency, and average type-specific consistency.
The research results are as follows: regardless of the overall precision or the type precision, the fusion data obtained from the above-mentioned method exhibited a certain improvement compared with the input data sources. In terms of the overall precision, the overall accuracy, Kappa coefficient, and average overall consistency of the fusion data were highest, with values of 90.37%, 0.8617, and 89.29%, respectively. Compared with the three input data sources, these precisions increased by 3.22-5.94%, 0.0455-0.0847, and 4.55-5.48%, respectively. The overall accuracies and Kappa coefficients between the fusion data and any one of the three input data sources were higher than those between any two of the three input data sources. In terms of the type precision, compared with the three input data sources, the producer accuracies, user accuracies, and average consistencies of each land use/land cover type in the fusion data were improved, especially in terms of the average type-specific consistencies, which increased by 0.61-20.32%. The various input data sources were different in terms of the correctly classified contributions and misclassified influences of different land use/land cover types in the fusion data. In summary, the improvement of the classification accuracy of the fusion data reflects the effectiveness, reliability, feasibility, controllability, and propagability of the multi-source data fusion method adopted in this paper.
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